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Abstract 
Online peer-to-peer lending is a new but useful finance method for small enterprises that is conducted on the website. To 
exclude the risk of this method, we make a study on predicting the potential lenders that may have a bad credit score. We 
use an outlier detection method to find the abnormal lenders, and we find the detected outliers have bad credit scores with a 
high possibility. 
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1. Introduction 
Online peer-to-peer lending is a new but useful finance method for small enterprises. To finance small and 
micro enterprises in an effective method has attracted many attentions. This problem is very important 
especially in China. By the advances in information technologies, a new type of financing method, online peer-
to-peer (P2P) lending has become an important issue for traditional financing. Online P2P lending allows 
people to lend and borrow funds directly through an online intermediary without the mediation of financial 
institutes. 
1.1. Motivation 
When a lender wants to acquire capitals from the online P2P companies, a risk will be raised. Traditional 
bank can audit the background of a lender with his application document, which, for the P2P companies or the 
borrowers, is an impossible task. Since a lender is never known has a good credit score or a bad one. Thus, how 
to find the lenders with bad credit score is a very challengeable question. Many researches have focused on this 
problem and proposed some useful method.  
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1.2. Related Works 
[1] represented an extension of the expansive credit risk and credit migration literature, prominent in the 
corporate bond and securities risk pricing literature, to an analysis of the drift of consumer credit scores. A rich 
data set of residential mortgages was used to observe credit score migration post loan origination and in a test 
of the ability of credit score transition to serve as a precursor to potential default and prepayment. The results 
indicated credit scores provide signals and information to investors and servicing agents in a fashion similar to 
credit ratings on commercial paper as to default potential. Soner[2] presented a proposes a three stage hybrid 
Adaptive Neuro Fuzzy Inference System credit scoring model, which was based on statistical techniques and 
Neuro Fuzzy. The performance of the proposed model was compared with conventional and commonly utilized 
models. The credit scoring models were tested using a 10-fold cross-validation process with the credit card data 
of an international bank operating in Turkey. Results demonstrated that the proposed model consistently 
performed better than the Linear Discriminant Analysis, Logistic Regression Analysis, and Artificial Neural 
Network (ANN) approaches, in terms of average correct classification rate and estimated misclassification cost. 
[3] addressed the question of what determines a poor credit score. The authors compared estimated credit 
scores with measures of impulsivity, time preference, risk attitude, and trustworthiness, in an effort to 
determine the preferences that underlie credit behavior. Data was collected using an incentivized decision-
making lab experiment, together with financial and psychological surveys. Credit scores were estimated using 
an online FICO creditscore estimator based on survey data supplied by the participants. Preferences were 
assessed using a survey measure of impulsivity, with experimental measures of time and risk prefer-ences, as 
well as trustworthiness. Controlling for income differences, the authors found that the credit score was 
correlated with measures of impulsivity, time preference, and trustworthiness. Based on trust theories, Chen et. 
al[4] the present study develops an integrated trust model specifically for the online P2P lending context, to 
better  understand the critical factors that drive lenders’ trust. The model is empirically tested using surveyed 
data from 785 online lenders of PaiPaiDai, the first and largest online P2P platform in China. The results show 
that both trust in borrowers and trust in intermediaries are significant factors influencing lenders’ lending 
intention. Emerkter et. al[5] used data from the Lending Club, which is one of the popular online P2P lending 
houses, to explore the P2P loan characteristics, evaluate the credit risk and measures loan performances. They 
found that credit grade, debt-to-income ratio, FICO score and revolving line utilization played an important 
role in loan defaults. Loans with lower credit grade and longer duration were associated with high mortality 
rate. The result was consistent with the Cox Proportional Hazard test. Also, they found that higher interest rates 
charged on the high risk borrowers were not enough to compensate for higher probability of the loan default; 
thus, the Lending Club must find ways to attract high FICO score and high-income borrowers in order to 
sustain their businesses. Harris[6] investigated the practice of credit scoring and introduced the use of the 
clustered support vector machine (CSVM) for credit scorecard development. This algorithm was well known 
that as historical credit scoring datasets get large while highly accurate becomed computationally expensive. 
Accordingly, he compared the CSVM with other nonlinear SVM based techniques and shows that the CSVM 
can achieve comparable levels of classification performance while remaining relatively cheap computationally. 
In this paper, we also addressed this problem and proposed a outlier detection method by the online 
documents of the lenders. This method can detect the abnormal lenders by their general features. The rest paper 
is organized as follows: Section 2 presents the data related the lenders. Section 3 introduces our detecting 
method. Section 4 concludes this paper. 
2. Dataset Preparation and Data Processing 
We use the data crawled from the website, which is a BBS that provide the lenders to discuss the issues 
related to P2P lending. We preprocess the data and get the dataset with 18 properties. We describe it with Table 
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1. In this dataset, the title and the descriptions are string information, which are not useful in our method. In 
addition, we transform the continously changed property values, such as age, to the discrete values with an 
aequilate method.  Also, we convert the credit rate and other string type properties to integer properties.  
Table 1.The characteristics of the dataset 
Properties Record Count 
Title, Amount, Annual interest rate, Repayment Time, 
Descriptions, Credit rate, Successful loan number, 
Failed loan number, Gender, Age, Borrowed credit 
score, Lending credit score, Overdue, Membership 
score, Prestige, Forum currency, Contribution, Group 
20000 
Since not all the properties are valid in our problem, we employ the randomized logistic regression to filter 
certain the properties that have little impacts, and get the final properties. As shown in Figure 1, the age, 
membership score, group, amount has a very little percentage on our prediction; thus, we remove these 
properties. Also, we can see that the failed loan number, the payback time and the borrowed credit score may 
have a relatively much larger impact on the final predicting results. 
 
Fig.1 The impacts of the properties 
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3. Outlier Detecting Method 
In this section, we will use a outlier detecting method to perform our analysis. Generally, the outlier 
methods can be classified into 4 types: The statistics-based, the proximity-base, the density-based and the 
cluster-based. Since the statistics-based method requires the information of the data distributions, it cannot be 
used for our datasets. In addition, the proximity-based and the density-based methods are inefficient for 
massive data; thus, we finally choose the cluster-based method, which is described as follows. First, we 
clustered the data into K groups, and compute the center. Second, we computed the distances to the nearest 
center for all the data objects. Third, the relative distance β is computed, which is β=D(d, center)/M (di, center), 
in which D(d, center) is the distance between the data object and the nearest center, and M (di, center) is the 
median of the distances between all the data objects and their nearest centers. Finally, we compare the relative 
distance to a specified threshold.  
 
Fig. 2. Cluster when K=5, 10, 100, 1000 
We perform the method when the threshold is set to 10. Figure 2 shows the mining results when we set K=5, 
10, 100 and 1000. The X axis represented the ID of each data object, and the Y axis was the relative distance. 
As can be seen, the lower the K, the more effective this method. Thus we chose K=5 to achieve final results.  In 
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all the 31 outliers, we find only 6 users have good credit score, and the other 25 users have overdue records. As 
a result, this outlier detection method can be regard as a new method to find the bad credit score.  
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